Abstract: This paper aims at providing a parameter estimation method for the machine tool reliability analysis to overcome the problem of unavailability of a well-defined failure data collection mechanism. It uses the knowledge and experience of maintenance personnel to obtain the parameters of lifetime distribution of the repairable as well as non-repairable components/ subassemblies. It is further developed for the cases where the knowledge available with the expert is with reference to the preventive repair/replacement policy used in the field. In case of imperfect repairs, the methodology also helps in estimating the value of restoration factor. The goodness of the proposed methodology at a given accuracy level in expert judgements are tested against the maximum likelihood estimates of the parameters. It is concluded that the expert judgement method provides a satisfactory alternative to statistical methods when no or very few historical time to failure data points are available.
Introduction
For a machine tool company to succeed in today's highly competitive and technologically complex environment, it is essential that it knows the reliability of its machine and it is able to design a machine with optimum reliability. Failure prediction and modelling based on lifetime distributions is probably one of the most widely used techniques not only in reliability engineering but also in many other areas of production planning (Shah et al., 2009 ). This technique allows predicting the reliability of a component or system, that is, the probability that a component or system will perform its required function during a specified period of time under stated conditions. Lifetime distributions of the components are obtained from the results of reliability tests or failure data obtained from the field. Thus, an essential pre-condition for the use of most of the reliability engineering techniques is the existence of the data. In case of machine tools, many of the components/subassemblies are purchased from the outside vendors while some are manufactured in-house. In most of the cases, the suppliers are not in a position to provide quantitative data that can be used for reliability analysis. As a result, the machine tool manufacturers, generally, rely on field failure data collected in the form of Technical Assistance Service (TAS) reports. However, this service is often requested during the warranty period and only in cases where the problems cannot be solved by the users. As a result, the manufacturers do not have complete machine functioning data corresponding to its use. They only know the warranty period incidents and that too only partially (Burrows et al., 1999) . Performance evaluation from such data may differ from the actual performance of the machine. For example, one of the studies revealed that the unavailability measured by the warranty period data may be around 2% whereas the real unavailability of the machine may reach up to 40% (Enparantza et al., 2007) . Another major problem is that the data are not, generally, collected in the format that can be used easily by manufacturers in further reliability analysis. For example, recording just the failure time without keeping record of operating time per calendar day and maintenance policy used by the users under which the failures are observed will not help in arriving the actual time to failure distribution of the components. All this makes data quality poorer. Another reason of lack of data or low-quality data is the lack of consistency and discipline in the process of recording the data by the users. Recently, study of imprecise data has also received attention from researchers. For example, Wang and Liang (2009) introduced the notion of fuzziness to deal with imprecise data. They developed a procedure to provide finer evaluation results of decision-making units (DMUs) with fuzzy observations based on the original context-dependent data envelopment analysis (DEA). The proposed approach is an extension to the fuzzy environment of the original context-dependent DEA.
In many cases, data from standard failure database are used. However, this approach is more applicable to electronic components. For mechanical components, the operating conditions, usage pattern, maintenance policies vary vastly from user to user. Therefore, using reliability estimates from such standard databases may not prove useful. Barringer (2009) has published a weibull database which shows how the time to failure distribution can vary to a great extent for the same component. Apart from this, the standard databases like non-electronic parts reliability data (NPRD-95) published by the Reliability Analysis Center (NPRD, 1995) , etc. give a constant failure rate which cannot be used for determining PM for the components.
In case of machine tools, the operating environment is dynamic in nature and ideally a dedicated standardised database is needed that can provide the lifetime distribution of components for different applications and with varying operating conditions. Such types of dedicated databases are rarely found in the literature or industry. The result is that manufacturers in most of the cases are left with no or insufficient data which in turn poses a big restriction on the use of reliability engineering techniques for the machine tools. In such situation, some alternative data source is required. It was observed during an ongoing research project with a leading machine tool industry in India that the maintenance personnel of the user industries and the service engineers of the manufacturer who attend the complaints from field have good knowledge about the failure of the components in the field. If this knowledge can be captured properly and used to describe the lifetime distribution of the components, it can give a key to solve the problem of unavailability of failure data for reliability studies.
The use of expert judgement in reliability and maintenance study is not new. Van Noortwijk et al. (1992) proposed a comprehensive method for the use of expert opinion for obtaining lifetime distributions required for maintenance optimisation. This method includes procedures for elicitation of discredited lifetime distributions from several experts, the combination of the elicited expert opinion into a consensus distribution and the updating of the consensus distribution with failure and maintenance data. Mazzuchi et al. (2008) discussed the results of an actual experiment to use the paired-comparison technique for expert judgement to develop a relationship for the probability of wire failure as a function of influencing factors in an aircraft environment. In reliability analysis, expert opinion has also been extensively examined by Campodonico and Singpurwalla (1995) , Lindley and Singpurwalla (1986) and Jager and Bertsche (2004) , etc. Jager and Bertsche (2004) provided a methodology for non-repairable components to transform expert experience into reliability data. While this methodology is extremely useful, it was observed in the present study, that the type of information available with the expert for repairable systems is very different. Further, it will also vary for the cases where the components are repaired or replaced preventively. Therefore, a need was felt to develop a methodology that can be used for repairable systems. This paper provides with such methodologies for both repairable and non-repairable components. The case of preventive repair/replacement is also discussed. For repairable components, the methodology also estimates the value of restoration factor (RF) used in the repair process. Some illustrative examples show the general application of the proposed approach.
Finally, goodness of the expert judgement method is tested against the maximum likelihood estimation of parameters for following two conditions: error in the expert judgement uncertainty in the expert judgement.
Parameter estimation in reliability engineering
Reliability engineers use product life data to determine the probability and capability of parts, components and systems to perform their required functions for desired period of time without failure, in specified environments. Life data can be lifetimes of products in the marketplace, such as the time the product operated successfully or the time the product operated before it failed. These lifetimes can be measured in hours, miles, cyclesto-failure, stress cycles or any other metric with which the life of a product can be measured. These lifetimes, generally, follow some probability distributions, such as exponential, weibull, lognormal, etc. Once a life distribution has been selected, the parameters (i.e. the variables that govern the characteristics of the probability density function (pdf)) need to be determined. Several parameter estimation methods, including probability plotting, least squares and maximum likelihood estimation, are available. From a statistical point of view, the method of maximum likelihood is considered to be more robust and yields estimators with good statistical properties. In this paper, maximum likelihood estimation method is used to evaluate the goodness of knowledgebased parameter estimation method at a given accuracy level of expert judgement and is only briefly explained in this section.
The idea behind maximum likelihood parameter estimation is to determine the parameters that maximise the probability (likelihood) of the sample data. Let, t is a continuous random variable, representing the lifetime of any component, having pdf 1 2 ( ; , , , )
and 1 2 , , , k as k unknown constant parameters that need to be estimated. For example, in case of two parameter weibull distribution, these parameters are scale parameter ( ) and shape parameter ( ) . For N independent observations, 1 2 , , , N t t t , the likelihood function for a two parameter weibull distribution is given by the following product:
The logarithmic likelihood function is given by:
The maximum likelihood estimators (MLE) of and are obtained by maximising or simultaneously solving the following two equations:
This method can also be extended to analyse complex repairable systems with various degrees of repair. In such case, time to first failure distribution parameters along with RF (degree of repair) are estimated from the test (fail-fix-fail) data (Reliasoft, 2009). The RF or degree of repair is the percentage to which a component is restored after the repair. It is sometimes also refereed to as repair effectiveness.
Expert judgement-based parameter estimation method
In most of the practical cases, the number of data points available is not large enough for application of the above-mentioned parameter estimation methods. However, it has been observed that the maintenance personnel may have sufficient knowledge about equipment and failures. The idea behind the expert judgement-based parameter estimation is to determine the parameters 1 2 , , , k using the knowledge and experience of the experts. In case of machine tools, experts are the maintenance personnel of the user industries or the service engineers from manufacturer who attend the complaints from various users. The knowledge of such experts contains many years of machine failure and repair information. In such cases the problem is to model the expert knowledge for a continuous random variable t , that is, time to failure (or lifetime) of any component for a given probability distribution. As the failure behaviour of a majority of the mechanical systems or components can be modelled by two-parameter weibull distribution, the same will be used in this paper to model the expert knowledge about the time to failure. The density function of the random variable t with a weibull distribution can be expressed as:
Experts are neither expected to give the values of distribution parameters nor they are expected to accurately know the value of ( ) f t for all possible values of t . The situation becomes more complex in case of repairable components where all the time to failures subsequent to first time to failure depend on RF of the repair process. Further, the knowledge of the expert may also contain right-censored information if the component is repaired or replaced preventively. The knowledge-based methodology proposed in this paper first captures the knowledge available with the experts regarding the random variable t , that is, time to failure, for repairable and non-repairable components with and without PM policy used by the users. It then provides the way to convert this knowledge into distribution parameters. The methodology is discussed in detail for repairable and non-repairable components in Sections 3.1 and 3.2, respectively.
Non-repairable component
A non-repairable component is one which is replaced upon failure. Seal, O-ring, bearings, etc. are some of such components in a machine tool. In the field, the component may be operated till it fails or may be replaced preventively. In both the cases, the methodology is discussed below.
Case 1 No preventive replacement
Component operates till it fails and then it is replaced with an identical component having same time to failure distribution. Experts in such cases can be expected to answer following two questions:
What is the time at which the component is most likely to fail (let's say X)?
What is the maximum survival time he or she has ever observed (let's say Y)?
The answer of the first question is nothing but the mode of the time to failure distribution. It can be obtained by differentiating Equation (4) with respect to t and equating the same to zero. Thus the mode value or X can be mathematically expressed as:
Answer to the second question (i.e. Y) determines the right hand tail of the weibull distribution which eventually becomes the point with very less probability of survival or very high probability of failure if the sample size is sufficiently large. In case of expert judgement method, sample size is determined by experience of the expert. If expert has longer experience with the replacement of this component, it can safely be assumed that the sample size is very large and so probability of failure corresponding to the maximum life is very high, that is, the value of cumulative density function ( ) F t at maximum life will be very large. The equation of failure density for weibull distribution can be written as:
In this analysis, two experts were selected to answer this question. Both the experts are the service personnel from the machine tool manufacturer who attend the complaints for more than 50 similar machines from different users. Also the average experience of the experts is ten years. Thus, it can safely be assumed that the experts have sufficiently large sample size in mind while answering the questions asked to them. With this assumption a very large probability value (say e.g. 0.99 here) is assigned to ( ) F t at maximum life. Thus, Equation (6) becomes ( / ) 0.01 e Y (7)
Solving Equations (5) and (7) simultaneously, can give the values of weibull distribution parameters. The assumption of very large value to ( ) F t at maximum life is further justified from the result of Jager and Bertsche (2004) which shows that the resulting parameters are less sensitive to sample size or value of ( ) F t at maximum life. The methodology presented here is similar to the Jager and Bertsche (2004) methodology except Equation (7). In Jager and Bertsche methodology, experts were also asked about number of replacements observed by them, that is, the sample size to calculate the failure probability at maximum life. However, in the present study it was observed that the experts are, generally, not comfortable with this question. Thus, making the assumption of very high value of failure probability at maximum life makes the methodology more practical.
Case 2 Component is replaced preventively
In most of the cases, especially when the cost of failure is significantly high, the users generally prefer to replace the component preventively. However, users, generally, do not use any mathematical model to calculate PM interval. They, generally, use their past experience to decide replacement interval. Nevertheless, the underlying methodology used by the users can be considered to follow one of the replacement strategies available in the literature. The users interviewed for the present analysis mentioned that they replace the component after a fixed interval of time. This information indicates that the users have applied the block replacement policy. In block replacement policy, the preventive replacement is performed at a constant interval of length p t , irrespective of the age of the item, and failure replacement occurs as many times as required in interval (0, ) p t . This type of policy is, generally, used when the economy of scale is possible and, thus, components are replaced in groups. It is clear that the block replacement policy allows for some minimum numbers of failures to occur before preventive replacement and so expert can again be expected to know the value of most fail time ( ) X , that is, the mode of weibull distribution for such components. Secondly, experts can be asked, if he or she has ever witnessed any incident when the component did not fail up to the preventive replacement interval. If the answer to this question is yes, then the maximum life ( ) Y can be assumed to be equal to preventive replacement interval, otherwise they can directly be asked for the longest time to failure observed by them as in case 1. Once the values of X and Y are known, the Equations (5) and (7) can again be used to obtain the value of weibull distribution parameters.
If the cost of failure is significantly high and no scale of economy is possible then users try not to allow any failure before preventive replacement. In such situation it can be assumed that the replacement interval set by user is at the mode value of the time to failure distribution. Mathematically,
The expert can be asked to tell the number of times the component failed before replacement in last six months or one year. Since we know the total numbers of replacement during this period, the probability of component failure before preventive replacement time, that is, ( ) p F t can be estimated. Thus,
1 e p t p F t
Equations (8) and (9) can be solved to get the values of and .
To illustrate the general application of this model, consider an example of work head bearing used in CNC grinding machine. Questions asked and corresponding judgements of the experts from two different experts are given in Table 1 .
Using the information given in Table 1 and Equations (5) and (7), parameters of weibull distribution for user 1 are estimated as:
and 2.29
Similarly for user 2, the parameters of weibull distribution are estimated using information from Table 1 and Equations (8) and (9). The parameters obtained are as follows:
5.82 and 1.55 What is the probability of failure before preventive replacement interval?
NA 30%
Note: 30% indicates the percentage of times the user has observed failure before preventive replacement. In other words, if the user has knowledge of approximately ten replacements then three times he or she has observed corrective replacements.
Repairable component
A repairable component is one which can be repaired upon failure. Shaft, bush, micro taper, guide-ways, etc. are such components in a machine tool. The commonly used models for analysing repairable systems data are perfect renewal processes (PRP), corresponding to perfect repairs (RF 1), and non-homogeneous Poisson processes (NHPP), corresponding to minimal repairs (RF 0). However, most repair activities may realistically not result in such two extreme situations but in a complicated intermediate one called as general repair or imperfect repair/maintenance (RF between 0 and 1). Thus, there are three parameters viz., degree of repair or RF, and that need to be estimated from the life data.
In general, as the numbers of unknown parameter increases the life data required by all the statistical methods in estimating these parameters increases. However, in most of the cases, and especially, in case of machine tools, users repair the component only for a limited numbers of times and then replace the same. Say, for example, one of the user mentioned that they repair the spindle only twice and then replace on next failure. As a result, the manufacturer ends up with only a few repair data points. This in turn limits the accuracy of most of the statistical methods of parameter estimation based on the field data for repairable components. However, larger the replacement incidents more will be the opportunity for the maintenance personnel to get knowledge about first time to failure and in turn, better will be the accuracy in their judgement regarding first time to failure distribution. This gives the key to use expert knowledge in estimating time to failure distribution parameters for repairable components.
The experts are first asked about the mode and maximum life information for the first time to failure of the component, that is, for the new component or replaced component. This information can then be used to obtain first time to failure distribution parameters using the methodology mentioned in Section 3.1. The first time to failure distribution can be obtained for both the cases, that is, with and without preventive repair of the component. Once the first time to failure distribution parameters are known, the RF needs to be estimated for corrective repair and preventive repair (if any). In the absence of preventive repair, component is operated till it fails and then repaired correctively upon failure with a RF q . As mentioned earlier, in the field, the component is repaired only for some limited numbers of times and then the same is replaced upon failure with the new one. Theoretically such decisions are based on tradeoffs between cost of repair and replacement. In most of the practical situations, users generally use their past experience to make such tradeoffs and decide the number of times the component must be repaired before being replaced. In other words, user will replace the component at the th n failure if the cost per unit time (CPUT) of replacing the component is less than the CPUT of replacing the component at ( 1)th n or ( 1)th n failure for a given RF. Expert can provide the value of n , that is, the failure number at which the component is replaced. Following numerical algorithm can then be used to obtain the value of RF.
Assumptions:
First time to failure distribution follow a weibull distribution.
Replacement brings the component to as good as new condition.
Starting age at 0 t is zero (i.e. 0 0 a ).
Let the cost of corrective repair be f C and the cost of corrective replacement be r C .
Following steps are involved in the algorithm:
Step 1 Obtain first time to failure distribution parameters ( and ) using expert judgement method mentioned in Section 3.1.
Step 2 Obtain the information from experts regarding failure number ( n ) at which component is replaced correctively.
Step 3 Evaluate the CPUT for replacement of component at, ( 1)th n , th n and ( 1)th n failure for 0. q CPUT for replacement at th k failure can be calculated as: Where, i a is the age after th i corrective repair. It can be calculated as:
Step 4 where, s is very small constant increment in RF.
To illustrate the general application of this algorithm, consider an example of a spindle used in tailstock of a CNC grinding machine having first time to failure distribution as weibull with scale and shape parameters, respectively, as 1, 000 and 2 . One of the user mentioned that they repair the spindle not more than three times and whenever it fails for the fourth time, they replace it with an identical new one, that is, Mean time to first five failures and CPUT for replacement at 3rd-5th failure is shown in Table 2 .
It is clear from Table 2 that q = 0.2 gives minimum CPUT for replacement at 4th failure so estimated value of the q can be taken as 0.2. Table 2 CPUT and MRL calculation The above algorithm with some modification can also be used for the cases where users repair the component preventively. In such cases, component is repaired preventively at some fixed time interval (say pm t ) for some limited number of preventive repairs with RF p and the same is replaced with a new identical component at next PM interval with a RF of 1. The component is repaired correctively if it fails between ( pm 0,t ). The algorithm assumes that the corrective repair is minimal and has a RF 0. Thus, the problem is to estimate the RF used in PM.
Let the cost of preventive and corrective repair be pm C and f C , respectively, and the cost of preventive replacement be pr C . The modified algorithm for estimation of the RF for PM involves following steps:
Step 2 Obtain the information from experts regarding PM time ( pm t ) and PM number at which component is replaced preventively (let's say, at th m PM).
Step 3 
and i a is the age after th i failure. For minimal corrective repair, i a can be calculated as:
where 0 
where i exists between 0 and pm t only and it restarts from 1 after each PM.
Step 4 CPUT for replacement at th k PM can be calculated as:
Step 5 
Goodness of results obtained from expert judgement-based method
Accuracy of the expert judgement-based method proposed in this paper depends on the accuracy of the information obtained from the expert. In general, it can be expected that higher the experience of the expert, more will be the accuracy of their judgement. However, it is highly unlikely that the expert judgement will be totally free from error. Secondly, the expert judgement in most of the cases also contains uncertainty. On the other hand, the accuracy of all the statistical methods for parameter estimation depends on the amount of data. More the number of data points, higher will be the accuracy in the parameter estimation. In case of machine tools, designers are quite often left with only a few data points.
In such situation, it will be interesting to see how well is the expert judgement-based method compares with the statistical methods in following two conditions: expert information contains error expert information contains uncertainty.
Consider a non-repairable component used in a machine tool whose time to failure follows a two-parameter weibull distribution with a known shape and scale parameters as 2 and 200, respectively. The actual values of the mode and maximum life as obtained from Equations (5) and (7) Table 3 shows the value of distribution parameters for these four combinations. Now, consider that the expert information contains uncertainty, that is, they do not provide any point estimate of the X and Y values, rather they provide interval estimates of the same. For example, one of the expert mentioned that the most fail time is somewhere between 120 and 162 and maximum life is somewhere between 365 and 493. Considering a uniform distribution for X and Y in the above range, 1,000 simulation runs were performed using Equations (5) and (7). Results of the simulation are summarised in Table 4 .
Alternatively, a beta distribution can also be used to model the error in the experts' judgement using estimates from many experts and classifying them in terms of most likely, optimistic and pessimistic estimates.
For the same component, the maximum likelihood estimates of the life-time distribution parameters are also obtained when only few data points are available in field failure record. Each numbers of data points is generated randomly 1,000 times and MLE estimates are obtained each time. Table 5 shows these estimates for different numbers of data points with 90% bound.
It is clear from Tables 3 and 5 that the parameter estimation from expert judgementbased method with 15 % error in the judgement are well within the 90 % confidence bound in the parameters obtained from the maximum likelihood method when only few historical time to failure data points are available. It shows the robustness of the proposed method. Similarly, Tables 4 and 5 reveal that the uncertainty in the judgment of the experts within some limit also does not greatly affect the performance of the proposed method. Thus, the proposed method can be a good alternative to the statistical methods when no or only few historical time to failure data points are available. However, the method assumes that the maintenance personnel are able to provide the information regarding the failure and repair of the component with a certain accuracy level which in turn demands for vast experience from the maintenance personnel. 
Conclusion
In the absence of field failure records, the knowledge of the maintenance personnel is used in this paper for estimating the time to failure distribution parameters for both repairable and non-repairable components. Practical use of the proposed methodology is demonstrated by two examples, and the results show that the proposed method is a promising and efficient approach with the potential to become useful in industry. The methodology is validated and goodness is tested for the error and uncertainty in the expert judgement by comparing the same against the statistical method at different number of the data points available with the designer. It is expected that the methodology will alleviate the problem of data availability, thus, help designers to use reliability-based approaches to design more reliable machine.
